Cardiometabolic health status is a major public health concern due to the high prevalence of cardiometabolic diseases locally and worldwide.[@ref1] There are several scoring systems available to quantify the risk of developing cardiovascular disease (CVD). The evaluation of the cardiovascular risk is the most appropriate and clinically useful way to discriminate between individuals with high risk who require intensive control and the low risk cases.[@ref2] By definition, cardiovascular risk scores are clinical prediction equations based on predictive multivariate models created from large-scale prospective epidemiological studies.[@ref3] The 10-year and 30-year Framingham risk scoring system (FS) are the most common used scores and were designed using 2 models; one based on blood lipid panel (FS30 Lipid) and the other based on body mass index (FS30 BMI). The major cardiovascular risk factors in the FS are based on the following variables: age, gender, systolic blood pressure, antihypertensive treatment, diabetes, abnormal total and High density lipoprotein cholesterol (HDL), and body mass index.[@ref4] The 30-year Framingham risk score (FS30) reclassified a larger number of subclinical patients and young individuals because it discriminated between those with or without evidence of carotid plaque. As a result, its prediction power is superior to the 10 years FS. Furthermore, FS30 may set the basis for introduction of earlier prevention strategies in asymptomatic individuals.[@ref2],[@ref5] Another recent lifelong CVD scoring system was developed jointly by the American College of Cardiology and the American Heart Association (ACC/AHA) to detect the atherosclerotic cardiovascular disease (lifetime ASCVD risk). Similar to FS, the data required to estimate ASCVD risk includes age, gender, race, total cholesterol, HDL cholesterol, systolic blood pressure, blood pressure lowering medication use, diabetes status, and smoking status.[@ref6] The close relationship between obesity and cardiometabolic health is a well-known issue and central obesity represents the cornerstone of metabolic syndrome diagnosis. Both obesity and the metabolic syndrome are associated with increased risk of CVD and type-2 diabetes.[@ref7] The published literature has several examples of obesity related parameters with variable degrees of correlation and predictive power for cardiometabolic risk. These parameters include direct anthropometric measures, such as the waist circumference and body weight. There are also simple relationships between 2 anthropometric measures, such as the BMI, waist hip ratio (WHR), waist height ratio (WHtR), and so on. Additionally, there are complex formulae based on anthropometric parameters, such as the conicity index (CI), mid arm muscular area (MAMA), and abdominal volume index (AVI). There are also indices based on the anthropometric and biochemical measures, such as the visceral adiposity index (VAI) and lipid accumulation product (LAP). There are other indices based on the measured fat mass, such as the fat mas index (FMI) and fat free mass index (FFMI).[@ref8],[@ref9] The relationship of these indices with the cardiometabolic health is still underinvestigated in our population. This study was conducted to investigate the prediction of long-term cardiometabolic risk using anthropometric parameters and central obesity indices in the young and middle-aged adult Saudi population living in Riyadh, Kingdom of Saudi Arabia (KSA).

Methods {#sec1-2}
=======

Study population {#sec2-1}
----------------

The study subjects were recruited by advertising on social media in many locations in King Saud University (KSU), Riyadh, KSA. These locations included the collage of Applied Medical Sciences in boys and girls sections, main plaza in men and women sections, and the medical city. The study was conducted between August 2014 and January 2016. There were 390 subjects aged 18-50 years enrolled in a cross-sectional study. The subjects with present or past history of cardiovascular diseases, heart failure, cancer, severe disability, or being hospitalized for any medical condition were excluded. We obtained informed consent from each participant before the study. The research ethics committee of the Collage of Applied Medical Sciences, KSU approved the study protocol and all investigations were according to principle of Helsinki declaration. Each participant signed a written consent for approval of the study protocol and publication of the collected data with strict privacy.

Anthropometric measures {#sec2-2}
-----------------------

The anthropometric measurement collected included weight, height, waist circumference (WC), hip circumference (HC), triceps skin-fold thickness (TST), mid-arm circumference (MAC), and wrist circumference. The body weights and heights were measured using a Seca digital scale with a non-stretchable stadiometer (Seca co, Germany). The TST was measured using a Holtain caliper (Holtain limited, UK). The BMI was calculated as body weight in kilograms divided by the square of height in meters. The WC was determined by measuring waist diameter at a midpoint between the iliac crest and lower border of the tenth rib. An average of 2 measurements was considered the WC. The HC was assessed on the lateral position by measuring the circumference at the most prominent point and an average of 2 measurements was used as HC. The values for WHR and WHtR were calculated by dividing WC on HC and height. The MAMA was recorded according to Teo et al[@ref10] using the following equation: {MAMA= (MAC - π x TSF)^2^ / 4π}. The conicity index was calculated using the equation (CI=WC (m)/\[0.109 x √{weight (kg)/ Height (m)}\] where 0.109 is a constant that results from the conversion of units of volume and mass into units of length.[@ref11] The AVI formula was AVI = \[2 x (WC)^2^+0.7x (waist-hip)^2^\]/1,000.[@ref12]

Biochemical analysis {#sec2-3}
--------------------

The fasting blood glucose was screened by digital glucometer (ACCU-CHEK, Hoffmann-La Roche Ltd, USA) and lipid panel was screened by CardioChek PA lipid analyzer (Polymer Technology Systems, Inc., Indianapolis, IN, USA).[@ref13] The CardioChek is reported to be accurate and is clinically validated.[@ref14] The components of the lipid panel and other anthropometric parameters were used to calculate the central obesity indices, such as the visceral adiposity index and lipid accumulation product. The VAI for males = \[WC/(39.68+(1.88 x BMI)\] x \[TG~(mg/dl)~/1.03\] x \[1.31/HDL~(mg/dl)~\], and the VAI for females = \[WC/(36.58+(1.89 x BMI)\] x \[TG~(mg/dl)~/0.81\] x \[1.52/HDL~(mg/dl)~\].[@ref15] The LAP was calculated as \[{WC(cm) − 65} × {TG~(mmol)~}\] for men and \[{WC~(cm)~ − 58} × {TG~(mmol)~}\] for women.[@ref16]

Bioelectrical impedance analysis {#sec2-4}
--------------------------------

FM and FFM were measured using BIA analysis (Tanita BC-418, Tanita Corporation, Japan). The fat mass index (FMI) was calculated by dividing FM in kg by square of height in meters and the results are expressed in Kg/m^2^. The FFMI was calculated using a previously reported equation (FFM~(kg)~/wt^2^~(m2)~).[@ref17]

Cardiovascular risk scoring {#sec2-5}
---------------------------

We calculated 5 versions of long-term CVD risk scoring systems for all participants. The FS30 is based on BMI of hard cardiovascular disease (FS30 BMI Hard CVD), where hard CVD is defined as acute myocardial infarction, death due to coronary cause, and stroke. The second FS30 is based on the lipid profile of hard cardiovascular disease (FS30 Lipid Hard CVD). The third Framingham 30- year risk score is based on BMI and full cardiovascular disease, including hard CVD or other events, such as coronary insufficiency, angina pectoris, and transient ischemic attack (FS30 BMI Full CVD). The fourth FS30 is based on the lipid profile of full cardiovascular disease (FS30 Lipid Full CVD).[@ref4] The fifth score was lifetime atherosclerotic cardiovascular disease risk (lifetime ASCVD), which was created by ACC/AHA[@ref6] by using a white population or other race for the calculation. The cutoff values used in this study for FS30 was 12%[@ref2] namely participants with scores ≤12% were classified as low risk. The patients with more than 12% were classified as high risk. The lifetime ASCVD risk cutoff values were ASCVD-percentage for a subject aged 50 with optimal risk factor levels (namely, 5% for men and 8% for women). All these tools required the following common set of risk factors: age, gender, systolic blood pressure, BMI or lipid profile, smoking, and presence of diabetes or treatment for hypertension. If the measurements were less than or more than the allowed range of a risk factor then the lower or upper limit was used.

Statistical analysis {#sec2-6}
--------------------

Statistical analysis was performed using the Statistical Package for the Social Sciences (SPSS Inc., Chicago, IL, USA) version 22. The study data are summarized as the mean and standard deviation (SD). The statistical significance between groups was tested by and independent sample t-test. Pearson's correlation coefficient was used to demonstrate the relationship between the following anthropometric and central obesity indices: BMI, WC, WHR, WHtR, MAMA, CI, AVI, FMI, VAI, LAP, and cardiovascular risk. The *p*\<0.05 was considered statistically significant. The receiver operating characteristic (ROC) curves were used to identify new cutoff values of the anthropometric discriminators with a higher sensitivity (true positive rate) and specificity (true negative rate). A Kappa analysis was performed to study the agreement among different discriminators and CVD risk scores with 95% confidence interval (95% CI).

Results {#sec1-3}
=======

All of the descriptive characteristics and gender comparisons of all of the study populations are shown in **[Table 1](#T1){ref-type="table"}**. Men represented 42.8% of the study population, and the overall mean of their BMI was 28.05±6.52 kg/m^2^. There were no significant differences between men and women using the independent sample t-test with respect to BMI, height-wrist ratio, glucose, total cholesterol levels, and VAI. However, other continuous variables showed significant differences.

###### 

Descriptive statistics of the study population.
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**[Table 2](#T2){ref-type="table"}** shows the Pearson correlation coefficients for several anthropometric parameters and central obesity indices with cardiometabolic parameters, such as systolic blood pressure, glucose, total cholesterol, LDL and HDL cholesterol, and long-term risk of cardiovascular disease risk.

###### 

Correlation of some anthropometric and central obesity indices with the long-term risk of cardiovascular disease using Pearson correlation coefficient.
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The ROC curves analysis of these anthropometric and central obesity indices as discriminators of FS30 and life-time ASCVD risk showed variable degrees of predictability. In the male group (**[Table 3](#T3){ref-type="table"}**), the greatest area under the curve (AUC) of a discriminator that predict FS30 BMI-Hard CVD was 0.755 of VAI. Similarly, for FS30 Lipid-Hard CVD, the greatest AUC was 0.767 of VAI, and for FS30 BMI-Full CVD the greatest AUC was 0.783 of CI, while the greatest AUC for FS30 Lipid-Full CVD was 0.817 of CI. Furthermore, the AUC of MAMA (0.639) was the best of all studied predictors of Life-Time ASCVD risk. In the female group (**[Table 4](#T4){ref-type="table"}**), there were no high risks (namely \>12%) regarding the FS30 Lipid-Hard CVD. Therefore, no ROC curves were created. The AUCs of the best discriminators for the remaining CVS risk scores were the following: 0.912 for BMI of FS30 BMI-Hard CVD, 0.849 for BMI of FS30 BMI-Full CVD, 0.752 for WC of FS30 Lipid-Full CVD, and 0.632 for LAP of Life-Time ASCVD risk.

###### 

Receiver operating characteristic (ROC) analysis of the commonly used anthropometric indices in detecting the long-term cardiovascular risk among men (n=167) by using five different risk scores.
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###### 

Receiver operating characteristic (ROC) analysis of the commonly used anthropometric indices in detecting the long-term cardiovascular risk among women (n=223) by using different risk scores.
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**[Table 5](#T5){ref-type="table"}** shows cutoff values of the selected discriminators and the agreement with the long-term CVD risk scores by kappa analysis at the 95% CI in addition to their OR. Paradoxically, the kappa analysis showed poor to fair agreement between the selected parameters using their new cutoff values and long term cardiovascular risk scores (range of k=0.05-0.35). The highest agreement was between CI and FS30 BMI-Full CVD (k=0.35, 95% Confidence Interval) using the CI's new cutoff value at 1.24.

###### 

The selected discriminators of CVD risk with their AUC, cutoff value, kappa coefficient and odd ratio at 95% confidence interval.
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Discussion {#sec1-4}
==========

The prediction of cardiometabolic risk in young to middle-aged men or women is essential to preventive health issues and is the basis for selecting candidates requiring early preventive strategies and their intensity level. The variation in the intensity levels of CVD prevention (namely, primordial, primary, and secondary) lead to the concept that CVD risk occurs continuously throughout life with great variability and begins at a young age.[@ref18] The healthy cases with obesity may have variable degrees of CVD risk. This study investigated the relationship between these items and long-term CVD risk. We found 2 major sets of correlations in the data. The first correlation was for anthropometric and obesity indices with the indicators of cardiometabolic health, such as glycemia, lipid panel, and systolic blood pressure (SBP). The second correlation was with long-term CVD risk scores, such as 30FS and life-time ASCVD. The WC showed a moderate positive correlation with glucose, total cholesterol, LDL, and a negative correlation with HDL levels in males (*p*\<0.01) (**[Table 2](#T2){ref-type="table"}**). The BMI showed a less positive correlation with the same indicators (**[Table 2](#T2){ref-type="table"}**). The SBP was correlated significantly with BMI, but was not correlated with WC (r= 0.214 versus r= 0.058). These finding among Saudi men are consistent with the results by Al-Ajlan.[@ref19] The WHR and WHtR showed significant correlations with glucose, cholesterol, LDL and HDL rather than SPB among men. This result is not consistent with the findings of Gharakhanlou et al[@ref20] with respect to glycemia and was similar with regards to the lipid panel. In addition, Vásquez et al[@ref21] reported that WHtR was significantly associated with body fat from the age 7-10 years onward and could be used as a marker of cardiometabolic health. In females, both WC and BMI correlated significantly with glucose level and SPB. The WHR showed insignificant correlations, but the WHtR correlated with glucose and SPB. These finding are consistent with those of Saeed and Al-Hamdan[@ref22] and partially different from Gharakhanlou et al.[@ref20] The CI showed a significant correlation with glucose, cholesterol, LDL and HDL in men, but not women (*p*\<0.01) (**[Table 2](#T2){ref-type="table"}**). These findings contrast previous data from elderly women.[@ref23] The AVI, FMI, VAI and LAP showed significant correlations with glucose, cholesterol, LDL and HDL in men. These findings are consistent with prior data worldwide.[@ref24]-[@ref26] In women, only AVI and VAI correlated significantly with glucose and SPB and agree with results from Gowda et al[@ref27] and Ehsani et al.[@ref28] In Korean women,[@ref29] LAP was correlated with total cholesterol rather than glycemia among Saudi women.

The female BMI showed strong positive correlations with scores of FS30 in the BMI and Lipid models for hard and full CVD (**[Table 2](#T2){ref-type="table"}**). However, there was no significant correlation in males. Conversely, the WC showed a strong positive correlation with these scores among men and women (**[Table 2](#T2){ref-type="table"}**). These findings for WC and WC-based indices were consistent with Goh et al,[@ref30] while those of BMI were not. The study by de-Oliveira [@ref31] reported that WC showed no correlation with CVD risk assessed by Framingham score. This discrepancy may due to the small sample size in the study of de-Oliveira et al.[@ref25] The CI showed significant correlations with scores of FS30 BMI and lipid for hard and full CVD among males and AVI showed a significant positive correlation with the long-term CVD risk scores in both men and women. The FMI was significantly correlated with scores of all versions of FS30 among women and the VAI was correlated for men only. Furthermore, the LAP index showed significant correlations with scores of FS30 among both men and women. Paradoxically, lifetime ASCVD risk score showed an insignificant correlation with all measured indices in both men and women except for MAMA and VAI in males (r=0.259, *p*\<0.01) (r=0.196, *p*\<0.05).

The ROC curves analyses showed the best discriminator of FS30 BMI-Hard CVD was VAI among men (AUC= 0.755) and BMI among women (AUC=0.912). The FS30 BMI-full CVD was the best CI in men (AUC=0.783) and BMI was the best in women (AUC=0.849). For FS30 lipid-full CVD the best predictor was CI among men (AUC=0.817) and WC among women (AUC=0.752). In addition, the best predictor of life-time ASCVD risk was MAMA in males (AUC=0.639) and LAP in females (AUC=0.632). In contrast to our finding, Fauziana et al[@ref32] reported that WHR was better associated with hypertension and diabetes than BMI in elderly Malays. However, our results regarding WC as a predictor of FS30 Lipid-full CVD among Saudi women are consistent with the data for Australian women[@ref30] regarding the WC as a predictor of 10-year FS and SCORE (Systematic COronary Risk Evaluation) scores. In addition, a Brazilian study[@ref33] classified the WC as a good predictor of metabolic syndrome in women with polycystic ovary syndrome at a cutoff value of 95 cm (our cutoff value of WC was 88.5 cm). The cutoff value with the best sensitivity and specificity of VAI for prediction of FS30 BMI-hard CVD among Saudi men was 2.87 and FS30 Lipid-hard CVD was 2.90. The OR at the 95% confidence interval was 4.66 and 4.39, while, the kappa coefficient was 0.18 and 0.10. There were slightly different cutoff values for young Caucasian Sicilian population of 2.52 (age \<30 years) and 2.23 (age ≥30 and \<42 years) were reported by Amato et al.[@ref34] Motamed et al[@ref35] stated the same finding for the discriminatory accuracy of CI for 10-years FS and ASCVD scores among men. However, the accuracy of CI among women was not consistent with our results. This study found LAP was a classifier of CVD risk in women only. Chiang et al[@ref16] reported that LAP had significantly higher predictability than other obesity indices for prediction of metabolic syndrome among Taiwanese population older than 50 years of age. Additionally, Hosseinpanah et al[@ref36] concluded that LAP was an independent predictor of cardiovascular disease among individuals with normal BMI. Conversely, BMI, high C-reactive protein, and insulin resistance were better than LAP for the prediction of prediabetic status and cardiovascular risk in women with polycystic ovary syndrome.[@ref37] The paradox in this study was the low agreement (measured by Kappa coefficient) and high predictability (measured by area under the ROC) between the selected obesity indices and long-term CVD risk scores. This paradox might be due to a limitation in the Kappa test itself. McHugh[@ref38] examined the level of kappa that is acceptable for health research and stated that Cohen (the developer of Kappa) suggested the kappa interpretation should be too permissive for health studies. Thus, a score as low as 0.41 might be acceptable. However, further studies in the Saudi population are required. Similarly, Dantas et al[@ref39] reported poor and variable agreement when assessing risk for cardiovascular diseases using anthropometric parameters.

This study included several limitations, such as the cross sectional nature of the study without a prospective follow-up or validation against clinical indicators of CVD in subclinical stages. In addition, the investigation of multiple measures and indices, the collection of a multiplicity of measures, and indices aiming to minimize the underestimation of CVD risk that may be somewhat unfeasible are also limitations of this study.

In conclusion, long-term cardiometabolic risk in our sample can be highly discriminated by some simple anthropometric and central obesity indices (such as VAI, CI, BMI, WC, LAP, and MAMA) with distinct cutoff values that we identified for the first time in the Saudi population. These discriminators were not the same in men and women, and this finding might be due to different adiposity distributions and gender-specific endocrinal factors. There was poor to fair agreement with the long-term cardiovascular risk scores despite the high predictability of these discriminators. Thus, future research is needed for further clinical validation of these results.
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Describe statistical methods with enough detail to enable a knowledgeable reader with access to the original data to verify the reported results. When possible, quantify findings and present them with appropriate indicators of measurement error or uncertainty (such as confidence intervals). Avoid relying solely on statistical hypothesis testing, such as the use of *P* values, which fails to convey important information about effect size. References for the design of the study and statistical methods should be to standard works when possible (with pages stated). Define statistical terms, abbreviations, and most symbols. Specify the computer software used.
